[1] Low-frequency variability of the mean, standard deviation, and skewness of 6-hourly zonal sea surface wind (u) is considered. It is found that, in general, the standard deviation of u decreases as the magnitude of the mean of u increases. Throughout most of the extratropics, the skewness of u decreases as the mean of u increases; in the tropics, the skewness of u is generally an increasing function of the mean. These relationships are explained using a simple stochastic boundary-layer model with a nonlinear drag law.
Introduction
[2] Interactions between the ocean and the atmosphere are mediated through their respective planetary boundary layers, such that the character of the turbulence in these boundary layers determines the rate of exchange of momentum, of energy, and of material substances such as water vapour, aerosols, and gases. Standard bulk parameterisations of turbulent fluxes across the air/sea interface are generally expressed as nonlinear functions of boundarylayer variables averaged over a typical eddy timescale of one hour or so [Stull, 1997] . However, often the only observations available for estimating these fluxes are those that have been averaged over timescales longer than the eddy timescale; because the bulk exchange formulae are nonlinear in the eddy-averaged variables, the time-average flux will not equal the flux corresponding to the timeaveraged variables (see, e.g., Wright and Thompson [1983] and Ponte and Rosen [2004] for momentum fluxes and Bates and Merlivat [2001] for CO 2 fluxes).
[3] The time-averaged eddy fluxes can be represented in terms of the time-averaged boundary layer quantities plus correction terms involving higher-order moments of fluctuations on timescales shorter than the averaging interval [e.g., Monahan, 2004] ; if these higher-order moments can be related to the averaged quantities, then closures for the averaged eddy fluxes in terms of the averaged variables can be derived. The potential utility of such closure schemes, along with recent interest in the role of atmospheric fluctuations in driving ocean variability [e.g., Penland, 1996; Sura et al., 2001; Kuhlbrodt and Monahan, 2003; Sura and Gille, 2003] , motivates the investigation of the statistics of sea surface winds. It has recently been shown [Monahan, 2004] that a strong linear relationship exists between the mean and skewness fields of both the zonal and meridional components of the 6-hourly sea surface winds, such that the more positive the mean wind component is at a given location, the more negative the skewness is (and vice-versa) . The present study extends this analysis to investigate the modulation of the relationships between the mean, standard deviation, and skewness fields of the 6-hourly zonal sea surface wind (u) by low-frequency variability in u, as represented by monthly averages. Monthly averages are used to characterise the lowfrequency variability of u both because this period is an order of magnitude longer than the autocorrelation e-folding timescale of the 6-hourly zonal winds, and because it is a typical averaging interval for estimates of air/sea fluxes. We will show that the low-frequency variability of these relationships has a clear geographic distribution that can be understood by considering boundary-layer momentum dynamics subject to fluctuating forcing.
Results
[4] The data considered in this study are six-hourly zonal 10-m sea surface winds from 70°S to 70°N, taken from the European Centre for Medium-Range Weather Forecasts (ECMWF) ERA-40 reanalysis [Simmons and Gibson, 2000] (available from http://data.ecmwf.int/data/d/era40/). These data are available on a 2.5°Â 2.5°grid from September 1, 1957 to August 31, 2002 . No pre-processing, such as filtering or removing the annual cycle, was carried out on this data set.
[5] To investigate the low-frequency variability of the statistical moments of the sea surface winds, first monthly means of u for each December, January, and February (DJF) season were calculated at each gridpoint. Attention was focused on the DJF season so as not to confuse seasonal variability in the moments with internal low-frequency variability. An analysis of the June, July, and August winds (not shown) yields essentially identical results to those presented below for the DJF winds. At each gridpoint, these monthly means were stratified from lowest to highest values and then divided into ten bins, with boundaries defined so that each bin contains an approximately equal number of months (the results are not sensitive to reasonable changes in the number of bins chosen). For each of these bins, the mean, standard deviation, and skewness of u (denoted respectively mean(u), std(u), and skew(u)) were calculated using the original 6-hourly data for the months in the bin. Thus, at each gridpoint, ten means, standard deviations, and skewnesses of 6-hourly u were determined, corresponding to values of the monthly-mean zonal wind over its range of variability. This binning procedure was used because individual monthly skewness estimates display considerable statistical fluctuations: because the autocorrelation e-folding time for u is on the order of one or two days, individual months have only 20 or so statistical degrees of freedom.
[6] Kernel density estimates of the joint PDFs of mean(u) and std(u), and of mean(u) and skew(u), are displayed in Figure 1 . These estimates were obtained using all ten values of mean(u), std(u), and skew(u) at all ocean gridpoints. Two distinct populations are evident in the joint PDF of mean(u) and std(u): a low variability population with strong easterlies and a high-variability population with strong westerlies, corresponding respectively to the tropics and the midlatitudes. A noteworthy feature of the joint PDF of mean(u) and std(u) is that in general std(u) decreases as the absolute value of mean(u) increases: regions of stronger zonal winds generally display less variability than regions of weaker zonal winds. This anticorrelation of jmean(u)j and std(u) will be quantified in Figures 2 and 3 below.
[7] The primary feature of the joint PDF of mean(u) and skew(u) (Figure 1 ) is the marked anticorrelation of these two variables: regions of positive mean(u) are negatively skewed, and vice versa. This anticorrelation was discussed by Monahan [2004] , who demonstrated that the relationship between mean(u) and skew(u) can be accounted for by local boundary layer dynamics involving the nonlinear drag law predicted by Monin-Obhukov similarity theory for a neutral boundary layer. A secondary (but robust) feature of the joint PDF of mean(u) and skew(u) is the small lobe extending towards low values of skewness for strong easterly flow. It was suggested by Monahan [2004] that this lobe is produced because the strong easterlies are characterised by low variances.
[8] At each gridpoint, ten values of each of mean(u), std(u), and skew(u) are available, so it is possible to investigate relationships between these moments. In general, the correlation coefficient between jmean(u)j and std(u) (Figure 2 ) is strongly negative: as was noted above, the variability of the 6-hourly zonal sea surface winds at a typical point decreases as the magnitude of the mean zonal surface wind increases. The regions in which this correlation coefficient is positive or weakly negative are those in which the climatological mean wind (denoted hmean(u)i) is near zero, as is evident from consideration of the kernel density estimate of the joint PDF of hmean(u)i and the correlation coefficient between jmean(u)j and std(u) (Figure 3 ).
[9] Throughout most of the extratropics, variations in mean(u) are strongly anticorrelated with those in skew(u) (Figure 2 ). However, in much of the tropics and in some parts of the Southern Ocean, the sign of the correlation is reversed so that skew(u) increases with increasing mean(u). It is important to note that the positive correlation between mean(u) and skew(u) in these regions does not contradict Figure 1 or Monahan [2004] : the zonal winds in the easterly (westerly) belt are positively (negatively) skewed. The sign of the correlation coefficient describes the relationship between low-frequency changes of mean(u) and skew(u). Note further that the joint PDF of hmean(u)i and the correlation coefficient between mean(u) and skew(u) (Figure 3) demonstrates that the correlation between mean(u) and skew(u) is positive or weakly negative primarily in the regions of the strongest easterlies and westerlies.
[10] The relationships between the moments of u described above were found as well in 10-m zonal sea surface winds from the National Centers for Environmental Prediction (NCEP)/National Center for Atmospheric Research (NCAR) reanalysis [Kalnay et al., 1996] , from blended QuikSCAT scatterometer/NCEP analysis data [Chin et al., 1998 ], and from variationally gridded Special Sensor Microwave/Imager (SSM/I) satellite data [Atlas et al., 1996] , although the results for the two satellite-derived data sets were noisier than those for the reanalysis products. This increased scatter can be attributed to the relatively short duration (4 and 14 winter seasons for the scatterometer and SSM/I data sets, respectively) of the satellite data; subsets of the reanalysis data sets of equivalent duration display comparable scatter. We conclude that the relationships between variations in the statistical moments described above are real features of the surface wind field over the ocean, and are not artifacts of the reanalysis schemes or satellite retrieval algorithms. Finally, we note that the lowfrequency variability of the mean, standard deviation, and skewness of the meridional sea surface wind shows analogous structure to that of the zonal sea surface wind.
Discussion
[11] To understand the connections between the moments of u described in the previous section, we will use a simplified version of the model for the zonal surface wind derived by Monahan [2004] , the predictions of whom are in excellent agreement with the empirical studies of Sura [2003] and P. Sura (Stochastic analysis of sea surface wind vectors: The role of multiplicative noise, submitted to Journal of Atmospheric Sciences, 2004, hereinafter referred to as Sura, submitted manuscript, 2004) . Considering the boundary layer momentum equations and using MoninObhukov theory for a neutral boundary layer to parameterise the surface drag, the time evolution equation for the zonal wind can be written as the stochastic differential equation (SDE):
where hÅ u i is the time-average of the pressure gradient and Coriolis forces, s u _ W describes fluctuations in the forcing, hv 2 i is the mean squared meridional wind, and c D is a drag coefficient (taken for simplicity to be independent of u). The quantity _ W is a white noise process:
). An introduction to SDEs is given by Penland [2003a Penland [ , 2003b . In general, fluctuations in the drag coefficient in response to changes in sea state and stability of the boundary layer will lead to a state-dependent noise intensity (multiplicative noise), as is given by Sura [2003 Sura [ , also submitted manuscript, 2004 and Monahan [2004] . As these fluctuations do not play a central role in the explanation of the relationship between statistical moments of sea surface winds described in the previous section, they will be neglected.
[12] Because equation (1) is a simple one-dimensional SDE, its associated steady Fokker-Planck equation can be integrated to yield an analytic expression for the stationary probability density function (PDF) p s :
where N is a normalisation constant. Note that the mode of u (the peak of p s ) occurs at
so the most likely value of u is independent of the strength of the forcing fluctuations s u . The PDF (2) can be integrated numerically to calculate mean(u), std(u), and skew(u) as functions of the forcing parameters hÅ u i and s u . Figure 4 contours these moments over the range of forcing values [13] Clearly, mean(u) is a strongly increasing function of hÅ u i, and jmean(u)j is a weakly decreasing function of s u . Not surprisingly, std(u) is an increasing function of s u , but interestingly, it is a decreasing function of jhÅ u ij. Finally, skew(u) is a monotonic function of neither hÅ u i nor s u : for most of the domain, skew(u) decreases with increasing hÅ u i, and jskew(u)j decreases with increasing s u . However, the signs of these relationships are reversed for small values of s u . Thus, the simple stochastic boundary layer model predicts that in general std(u) should decrease as mean (u) increases, that in most places skew(u) should decrease as mean(u) increases, but that in regions of low variability in u, skew(u) should increase with increasing mean(u).
[14] An explanation of these relationships follows. Because the fluctuations driving u are taken to be symmetric, in the case of zero mean forcing the distribution of u will be centred at u = 0 and will be symmetric, with skew(u) = 0. As hÅ u i becomes positive (holding s u fixed), mode(u) will shift to positive values of u, as will mean(u). As mean(u) increases, the wind feels stronger friction on average, so the characteristic size of fluctuations in u (measured by std(u)) must decrease. Furthermore, as argued by Monahan [2004] , positive fluctuations in u will experience a stronger drag than negative fluctuations in u (because the drag is nonlinear in u), so the zonal sea surface wind will be negatively skewed. The fact that u is negatively skewed explains the dependence of mean(u) on s u : as s u increases, mode(u) remains constant but the distribution of u broadens. Because u is negatively skewed, more probability mass accumulates for u < mode(u) than for u > mode(u), and mean(u) decreases. Finally, as hÅ u i becomes increasingly positive, two factors affect the magnitude of skew(u):
[15] 1. mean(u) increases, increasing the asymmetry in friction between positive and negative fluctuations in u, which tends to make skew(u) more negative
[16] 2. std(u) decreases, decreasing the magnitude of fluctuations in u and thus the size of the asymmetry in friction between fluctuations of opposite sign, which tends to make skew(u) less negative.
[17] For most of the (hÅ u i, s u ) parameter space, the first of these two effects is dominant and skew(u) decreases with increasing hÅ u i. However, for regions of strong mean wind with weak fluctuations, the second of these two effects dominates and skew(u) increases with hÅ u i. Analogous arguments describe the hÅ u i < 0 case.
[18] These results can be used to understand the results of the analysis presented in the previous section. Assuming that low-frequency variability in mean(u) is dominated by variability in hÅ u i, the global anticorrelation between mean(u) and std(u) is predicted by the above model. The slope of this relationship becomes weak when mean(u) is near zero, so estimates of the correlation are likely to be particularly sensitive to sampling fluctuations. Furthermore, std(u) is sufficiently large throughout most of the extratropics that low-frequency variations in skew(u) are negatively correlated with those of mean(u); the correlation between mean(u) and skew(u) only changes sign in regions of the strongest climatological easterlies and westerlies, where std(u) is relatively small. Note that the qualitative features of the low-frequency variability of the moments of u are predicted globally by this simple model, and do not depend on the fine details of the forcing or on the structure of the boundary layer. Note further that if the drag was taken to be linear in u, then p s would be Gaussian; the simple model demonstrates that the observed relationships between the moments of u follow from the quadratic drag law which is an exact result of Monin-Obhukov similarity theory for a neutral boundary layer with fixed roughness length, and is a leading-order approximation otherwise.
[19] These results point toward an improved understanding of the atmospheric fluctuations that drive air/sea fluxes and much of the ocean's variability. Errors in the representation of these fluxes are a potentially significant source of systematic errors in global climate models, and the development of more accurate parameterisation schemes is an important aspect of improving our understanding of this complex coupled system.
